We mapped topsoil (0-20 cm) soil organic C (SOC) content in a 5200-ha site and identified key variables affecting SOC distribution in the Driftless area where Alfisols and Mollisols are common. About 47% of the area was under arable crops, 22% under pasture, 21% under forest, and the remaining 10% under roads, constructions, and others. Condition-based regression rules were used to predict SOC using 13 environmental variables. The average C content of the soils was 23 g kg -1 and topsoils under forest had the highest levels of SOC (28 g kg -1 ). There was little difference in SOC contents of the different soil orders, but Inceptisols contained more SOC than Alfisols and Mollisols. Land use, soil order, and terrain parameters, such as elevation, insolation, wetness index were the key variables affecting SOC distribution. The highest prediction error was observed in the soils from the forest followed by pasture and crop lands. We also estimated SOC changes using the Projected Natural Vegetation Soil Carbon (PNVSC) approach as a reference to which the present day SOC predicted map was compared. The PNVSC represents a SOC map that would be observed in the landscape today if the area had remained under natural vegetation. Based on this approach, soils under forest had accumulated on average >2 g kg -1 , whereas crop land and pasture had lost 1.8 to 2.0 g kg -1 SOC in about 10 yr. There was a relation between soil orders, land use, and SOC levels; and we have spatially quantified this relationship including an estimate of the uncertainty.
The spatial variability of SOC in a landscape can be assessed with digital soil mapping (DSM) techniques (McBratney et al., 2003) in which the spatial relationship between SOC and the environment is quantified with empirical models to generate SOC maps including an assessment of the prediction error (e.g., Arrouays et al., 2014) . Terrain attributes, such as elevation, slope gradient, slope aspect, topographic wetness index, are commonly used in spatial SOC predictions (e.g., Gessler et al., 2000; McKenzie and Ryan, 1999; Moore et al., 1993) . A range of statistical tools and methods are being used to predict SOC at different spatial scales. Minasny et al. (2013) provided a comprehensive global review on the use of DSM for SOC whereas Stockmann et al. (2013) reviewed the present knowledgebase on SOC and the many knowns and unknowns. identified monitoring of C stocks across the landscape and the effects of land use on SOC levels as one of the key research priorities in SOC research.
Soil organic C at the field to national or regional level has been monitored over time (Dimassi et al., 2014; Huon et al., 2013; Lugato et al., 2007; Minasny et al., 2011; Smith et al., 1997; Viaud et al., 2010) . Most of these studies employed SOC data from long-term experiments and estimated SOC dynamics either using SOC simulation models such as CENTURY (Parton, 1996) or empirical models defining SOC-landscape relations (Minasny et al., 2011) . Soil organic C dynamics and land-use effects are often linked to CO 2 emissions (Acharya et al., 2012; Noponen et al., 2013; Paul et al., 1999) . In areas lacking SOC data from different periods, the concept of PNVSC (Waring et al., 2014) can be used to investigate SOC changes. The PNVSC corresponds to measured or estimated natural vegetation SOC under undisturbed natural vegetation; it presents a reference SOC data to which the present day SOC levels can be compared and thus allows for an estimate of temporal SOC changes. The PNVSC is a new concept that allows estimation of SOC changes in the absence of temporal data. To our knowledge, this is the first application of PNVSC in the USA and we believe it is powerful tool.
This study estimates SOC content at a landscape level and SOC changes using the PNVSC approach. The study was conducted in the Driftless area of Wisconsin in the USA where the soils are developed in loess overlying weathered dolostone (Evans and Hartemink, 2014a) . The area experienced a large reduction in native vegetation in the 19th century (Hole, 1976) . Soils in the Driftless area in Wisconsin are prone to soil erosion (Trimble, 2009) and maintaining the SOC status and soil aggregation are important in reducing the erosivity of these soils. Soil conservation practices (contour cropping) have been practiced since the 1930s. Changing land use has changed SOC levels that could be estimated from present day SOC levels combined with the PNVSC approach.
The overall objectives of our study were (i) to predict topsoil SOC under different land use and soil orders, (ii) to assess model uncertainty associated with the prediction, (iii) to determine factors affecting SOC spatial variability, and (iv) to estimate SOC changes based on PNVSC approach.
MATERIALS AND METHODS

Study Area
The study site is located in the Driftless area near Verona in Dane County, Wisconsin, covering about 5200 ha. It consists of dissected ridges and valleys formed due to past erosion and mass wasting (Knox, 1989; Mason and Knox, 1997) . The soils are formed in loess and the weathering products from the underlying dolostone of Ordovician age (Hole, 1976) . Soils are 0.2-to 2-m deep depending on the landscape position and there is a strong physiographic relationship in soil development (Hole, 1976) . Common soils are Hapludalfs (41% area), Argiudolls (51%), and Dystrudepts (6%). The area is characterized by warm, moist summers and cold, dry winters with a mean annual temperature of 7.3°C and precipitation of 850 mm. Land use is dominated by agriculture with corn and soybean as cash crops and alfalfa as forage. Forests mostly consists of oak (Quercus sp.) and birch(Betula sp.) as main tree species and patches of restored prairie.
Many soils in the study area are <75-cm deep and the average A horizon thickness was about 20 cm (Evans and Hartemink, 2014a) . With increasing soil depth, soil inorganic carbon (SIC) increases as it contains weathering products from the underlying dolostone (Stiles and Stensvold, 2008) . Therefore, we selected to model SOC distribution for the top 20-cm soil depth and is in line with other SOC modeling studies where the depth is commonly restricted to 20 or 30 cm (Guo and Gifford, 2002; Intergovernmental Panel on Climate Change, 2003; Jobbágy and Jackson, 2000) .
Soil Carbon Data
We used soil data sets from previous studies of Evans and Hartemink (2014a) . One set of data consists of horizon-based soil samples collected from 390 randomly selected points during 2004 and 2006. The second set consisted of 144 pedons sampled in 2012. All samples were air-dried and crushed to pass through a 2-mm sieve and analyzed for SOC by dry combustion in the laboratories of NRCS Lincoln, NE. Due to the lack of available data on soil bulk density, this study focused on mapping C concentration rather than C stock. The distribution of SOC point data over the 5200-ha study area is shown in Fig. 1 .
The top 20 cm of soil often contained two to three genetic horizons. To obtain a representative SOC concentration for the top 20 cm, equal area splines were calculated. The spline modeled the continuous function of SOC, and SOC values for the top 20 cm were derived as the weighted-average value. The selection of this specific depth (20 cm) was based on the average thickness of A horizon of the two data sets. As the fitting of a spline is based on smoothing parameter (l-lamda), seven l values (i.e., 0.00001, 0.0001, 0.001, 0.01, 0.1, 1, and 10) were tested and the value with the lowest error was selected (l = 0.1). The topsoil SOC content derived from splines was randomly divided into training sets (consisting of 75% data) and validation sets (25% data) for further analysis.
Environmental Data
Environmental predictors of SOC included a digital elevation model (DEM) compiled at a grid size of 9 ´ 9 m, Natural Resources Conservation Service Soil Survey geographic database (NRCS SSURGO) soil order maps (Soil Survey Staff, 2014) , and land use maps based on National Agricultural Statistics Service Cropland data layer (NASS CDL) database (USDA National Agricultural Statistics Service, 2014). Ten land surface parameters (LSP) were extracted from the DEM: slope aspect (asp), elevation (elev), direct insolation (insol), wetness index (sagawi), altitude above channel network (vdist), multi-resolution index of valley bottom flatness (mrvbf), slope gradient (slp), mid-slope position (midslp), flow path length (flwl), and slopelength factor (ls). The DEM was generated from LiDAR and was processed before deriving the LSPs. The DEM generation involved the conversion of LiDAR points to a surface elevation of 3 × 3 m grid size and aggregated to 9 × 9 m grid DEM to be used in this study. Arc GIS (ESRI, 2012) and SAGA GIS (SAGA GIS, 2014) were used to process and extract LSPs from the DEM. The land use map included grassland, and forest frequency maps which were based on the number of times a given pixel in either map falls under grass cover or forest during the period 2003 through 2012. The list of the environmental variables used in SOC prediction is described in Table 1 .
Statistics
For the SOC data, the mean, coefficients of variation (CV), skewness and kurtosis coefficients were calculated. Histogram and a box-plot helped to identify outliers. Observations falling below [Q1 -1.5 × IQ range] and above [Q3 + 1.5 × IQ range] were considered as outliers. Spatial pattern of SOC distribution was analyzed with a variogram that plots semi-variance of SOC at various lag distances. An experimental isotropic variogram of SOC content was calculated according to Eq.
[1] assuming the stationarity of the mean in the study area.
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Where g(h) is the semi-variance of SOC at lag distance h, z(x i ) and z(x i + h) are the measured SOC content at location x i , and a distance h further away, and N(h) is the total number of observation pairs used to calculate g(h).
To the experimental variogram, defined variogram models (e.g., spherical and exponential) were fitted to it in VESPER (variogram estimation and spatial prediction plus error) program (Minasny et al., 2005) . The selection of the best variogram model was based on the Akaike Information Criteria (AIC). The variogram parameters, namely nugget (C 0 ), partial sill (C 1 ), and the range (A) were derived from the fitted model. The nugget represents the variance unexplained by the variogram, whereas the partial sill is the portion of the total variance that has a structural component. All sources of random error, for example, measurement or sampling error, including the variability at distances closer than the smallest sampling distance contribute to the nugget variance. Moreover, the spatial dependency of SOC distribution was assessed with Nugget-to-Sill Ratio (NSR) calculated based on Eq. 
Where C 0 the nugget and C 1 the partial sill of the fitted variogram model, and NSR is the nugget-to-sill ratio showing the spatial dependence.
Soil Organic Carbon Prediction and Mapping
Soil organic C point data were intersected with 13 environmental variables to obtain their values at each training location. The spatial relationship between SOC and the predictors was established with a prediction model (see model example below) derived using Cubist software (www.rulequest.com). The tool incorporated in Cubist uses a data-mining algorithm to build a prediction model that consists of a set of condition-based rules. Each rule comes with a multiple linear regression function that operates in a situation when the rule's conditions are met. Advantages of using Cubist are that it can be used for continuous and categorical variables. The predictors and the model interpreted relationships between the attribute and the physical processes can be assessed (Bui et al., 2006) . Details on the application of Cubist tool in SOC mapping can be found in Minasny and McBratney (2008) , Lacoste et al. (2014) , and Adhikari et al. (2014) .
The SOC model derived in Cubist consisted of nine different prediction rules. These rules first divided the study area into nine different strata based on the spatial relationship between SOC and the predictors. Soil organic carbon variability within each stratum was then estimated by the stratum specific multiple-linear functions provided by the rules where a number of terrain parameters were used as predictors. Predictors like elevation, soil order, and land use (forest and grass land frequency) were most commonly used during the condition-rules setting whereas, saga wetness index, elevation, altitude above channel network, insolation, and slope aspect were common in the linear prediction functions. An example of the nine prediction rules is given below: Once the prediction rules were generated, they were applied to the whole set of environmental variables and the prediction map of SOC contents were generated. The difference between measured and predicted SOC content (residuals) at each prediction location was calculated and its spatial pattern was modeled with a variogram to address the spatial dependency of residuals. Instead of modeling a single variogram, a large number of variograms were simulated and the parameters were estimated using restricted maximum likelihood (REML). The residuals at unsampled locations were then estimated using empirical bayesian kriging (EBK). The EBK is considered more accurate than other kriging methods for relatively small datasets. Unlike other kriging models, EBK does not pull the large deviations toward the mean or specified trend in the data; the residuals are as predicted. The output map (prediction residuals map) was converted to grid of 9 × 9 m spacing before adding back to the output map from Cubist for the final SOC content map. This two-step mapping approach is referred to as regression kriging (RK; Odeh et al., 1995) and has been used in a number of soil C mapping studies (Adhikari et al., 2014 , e.g., Dorji et al., 2014 Lacoste et al., 2014) .
The importance of input variables in predicting the SOC content was based on the relative use in the prediction model. Cubist automatically selects important variables from the pool and quantifies its usage. The relative usages of the variables is referred to as relative importance (RI) and is expressed as a percentage (%).
Prediction Evaluation and Uncertainty
The performance of the SOC prediction model was evaluated on the validation data (25% of input data). Predicted SOC content at validation locations were compared with the measured SOC at the same locations. Similar comparison was performed at the training locations. The following statistical indices were used for prediction quality assessment. Where obs and pred are observed and predicted SOC content at i th locations of n number of observations, R 2 is coefficient of determination, ME is mean error, and RMSE is a root mean square error of prediction. Similarly, standard error of prediction at each grid location was also calculated and displayed as a map of uncertainty of SOC estimation. Together with the validation indices derived from Eq. [3] [4] [5] , and the uncertainty assessed, it provides an overview of the prediction accuracy and the reliability of the map product in a spatial context.
Estimation of Soil Organic Carbon Changes
Estimation of the changes in SOC distribution in the study area was based on the comparison of the contemporary SOC map (as derived in Soil Organic C Predicting and Mapping above) to the PNVSC map. A PNVSC map was derived from the same SOC prediction model and covariates as above except the forest frequency map which was uniformly set to the frequency of 10 before running the model. The output map projects the SOC content that could be present today if the whole study area was under forest vegetation, that is, 'natural vegetation' as assumed in PNVSC. The pixel-by-pixel comparison of these two maps highlights the areas of SOC changes due to land use change.
RESULTS
Soil Organic Carbon Levels
The best-fitted splines that modeled SOC in the profiles were associated with the l of 0.1. The weighted-averaged SOC content (0-20 cm) ranged from 3.2 to 78.3 g C kg -1 soil, with a mean of 23.3 g kg -1 . The distribution was slightly skewed positively (skewness coefficient = 1.58) as was also revealed by the histogram and box-plot (Fig. 2) . The spatial pattern of SOC distribution was modeled with a spherical variogram model that had a lower AIC compared with the exponential one (189.3 vs. 215.8). The variogram showed a nugget of about 58 (g kg -1 ) 2 with a total sill of nearly 140 (g kg -1 ) 2 . The sill of the variogram was reached at 145 m, that is the range of the variogram beyond which SOC was not auto-correlated. We observed a moderate spatial dependence (NSR = 0.42) in the distribution of SOC.
Soils under forest had the highest SOC levels (28 g kg -1 ) followed by pasture (23 g kg -1 ). These land use types cover each about 43% of the study area. The soils under forests had the maximum SOC variability (CV = 54%) compared with soils under crop land (CV = 31%) where the mean SOC was 21 g kg -1 . The highest SOC content was found in Inceptisols (29 g C kg -1 ) followed by Alfisols and Mollisols (23 g C kg -1 ). Inceptisols had the highest SOC variability (CV = 52%). Alfisols and Mollisols occupied more than 93% of the total area, whereas Inceptisols covered 6.3%. . The residuals map suggested that our prediction model underpredicted SOC in the eastern part of the study area whereas a small portion in the central-south was overpredicted. Topsoil SOC content was predicted for the 5200-ha study area (Fig. 4) . The northern and western part of the study area had slightly higher SOC content compared with the rest of the area. Low SOC levels were found in the central and southern part. The prediction error ranged between 3.6 to 11 g SOC kg -1 (average error was 4.5 g kg -1 ) and for most of the areas, the error was about 4 g kg -1 .
Soil Organic Carbon Maps
The predicted and measured SOC content for training and validation data sets are plotted in Fig. 5 . Prediction at training locations was always better than validation locations as suggested by lower RMSE (5.9 g kg -1 ), and a higher R 2 (0.68) value for training data points. The ME at training locations was 0.6 g kg -1 . In the validation locations, we observed the R 2 of 0.41, RMSE and ME of 7.83 g kg -1 , and -0.8 g SOC kg -1 , respectively.
The relative importance of the variables used in SOC prediction is given in Fig. 6 . Forest frequency, and elevation were among the variables that were highly used by the model in setting conditionrules, the RI of both variables exceeded 80%. Soil subgroups and grassland frequency were considered by the model but they scored relatively lower RI of 23 and 10%, respectively. Similarly, elevation, insolation, slope aspect, saga wetness index, and altitude above channel network were the top variables used in linear prediction-rules with the RI > 70%. Other variables like slope-length factor, mid-slope position and slope gradient were also used during prediction, but their influence in the model was relatively poor (<10% RI).
Soil Organic Carbon Changes
The PNVSC content ranged from 0.6 to 121 g C kg -1 with a mean of about 25 g C kg -1 . The spatial distribution of the PNVSC (Fig. 7) suggests that the mean PNVSC was higher than the present day SOC content. The overall spatial distribution of PNVSC followed the pattern of present day SOC levels, although the values were different. For example, a stripe of higher SOC content (>60 g kg -1 ) was modeled in the PNVSC map near the south-west corner where the present day SOC map suggests only about 20 g SOC kg -1 . Based on the preliminary estimate of PNVSC, changes of SOC due to land-use change were calculated (Fig. 7) and the map shows areas where SOC has been either reduced or accumulated during 2003 through 2012. The mean SOC change for the whole study area was -1.1 g kg -1 (value ranged between -76 to 40 g kg -1 ) and it appears that more SOC has been reduced in the western part of the study area. In a comparison of average SOC and PNVSC in different soil orders, mean PNVSC was always higher than SOC content except in Inceptisols where SOC exceeded PNVSC almost by >2 g kg -1 (Table 3) .
Changes of SOC in reference to PNVSC at different land use and soil orders are summarized in Table 4 . Soil organic C was reduced in soils from crop land and pasture but the soils under forest stored more C. A negative average SOC balance was recorded for all soil orders except Inceptisols where >2 g kg -1 SOC was accumulated. 
DISCUSSION
In the previous section, we have presented SOC maps for a 5200-ha area in the Driftless area of Wisconsin, USA, using 534 pedon observations. In this section, we will focus on the methodological issues and the main findings.
Equal-area splines harmonized SOC contents from discrete soil horizons within the top 20 cm and provided a representative SOC value for that specific depth. Previous studies (e.g., Bishop et al., 1999; Lacoste et al., 2014; Malone et al., 2009) have highlighted the benefits of splines to model profile SOC content. The prediction model based on condition-rules proved to be robust and efficient in modeling SOC variability in the study area. The specific areas stratified by the conditions in each rule were less heterogeneous with reference to SOC-predictors relations. In addition, for each rule, the regression model with different combination of terrain parameters was so specific to each stratum that it was able to capture the possible intra-stratum SOC variability. The robustness of conditions-rules in SOC predictions has been reported by Adhikari et al. (2014) while mapping national SOC stocks in Denmark, and by Lacoste et al. (2014) who predicted landscape level SOC variability in a heterogeneous agricultural landscape in France.
The pattern of predicted SOC followed the similar trend of measured SOC for the training and validation data sets, and the predicted values were less variable than the observed values (Fig.  8) . Based on the validation indices, the overall prediction performance was better for the training locations than for the validation locations (Fig. 9) . The higher number of data points (75% of the total data) in the training data set might have positive impacts that improved R 2 compared with validation data sets. Similar prediction behavior was reported by Minasny et al. (2013) and the performance of our model is comparable with other similar SOC mapping studies. For example, in a study in Canada, Florinsky et al. (2002) observed a R 2 of 0.37 while predicting SOC content from the A-horizon, Bui et al. (2009) reported a similar R 2 of 0.41 from Australia. Malone et al. (2009) found a R 2 of 0.44 while predicting SOC in Edgeroi, Australia. Kumar et al. (2012) reported a R 2 of 0.36 for mapping SOC in Pennsylvania, USA.
Looking at the spatial structure of the prediction residuals of SOC (Fig. 3) , a small partial sill of 4.4 (g kg -1 ) 2 revealed that most of the variability was captured by the prediction model and the unexplained portion was mirrored as an underestimation of SOC prediction in validation locations. This error could prob- ably be reduced by introducing other environmental variables, such as remote sensed images.
Elevation and forest frequency were the two main predictors that played a key role in setting rule conditions. In general, with increasing elevation, the probability of a given pixel to hold forest cover increased and this probably influenced the prediction of SOC positively. However, in the areas with elevation > 343 m, grassland frequency became the second important variable to set rule conditions. In more than 70% cases, SOC prediction was influenced by elevation, insolation, saga wetness index, slope aspect and altitude above channel network, which are the common land surface parameters affecting land use and soil distribution in the terrain.
The variability in SOC distribution was mostly shortranged (<145 m). This distance also corresponded to the length of few catenas sampled from the same study area (Evans and Hartemink, 2014b) . For the predicted maps, as expected the results showed that soils under forest contained more C than soils under pasture and crop lands, which is common (Arrouays et al., 2001; Arrouays and Pelissier, 1994; Grigal and Ohmann, 1992; Minasny et al., 2006) . Of the three land use types, soils under agricultural crops had the lowest SOC as is found in many parts of the world (Lal, 2004b) . These lower levels have resulted from increased organic matter decomposition and loss by erosion and cultivation. Inceptisols had the highest SOC content and these weakly developed soils are mostly under forest. Most of the crop land is on Mollisols and Alfisols. This shows a relation between soil orders, land use, and SOC levels.
The spatial pattern of prediction error followed the SOC distribution: higher SOC contents have larger prediction error.
About 65% of the study area have a prediction error below the average error (4.5 g kg -1 ) and the soils under forest had the highest error of about 6 g kg -1 (Fig. 10) . We believe our prediction is acceptable and the data can be used for as baseline data for further SOC inventories.
The mean PNVSC was higher than the present day SOC that was modeled based on the measured SOC data. The PNVSC assumes SOC from undisturbed land use, that is, forest, that have higher SOC levels than other land-use types. We observed a decrease of SOC when the land use was changed to crop land or pasture from forest. This finding was in line with studies by Sanford et al. (2012) and Liu et al. (2011) , who reported a loss of SOC from soils under crop lands in Wisconsin and Iowa. Our findings also showed that the PNVSC approach to the preliminary estimation of SOC changes is useful in the absence of SOC data from different periods. Some additional research may be needed to explore the benefits and applicability of PNVSC. It may focus on the assumption of the 'natural vegetation' type, and the model should be able to include other parameters that might influence SOC changes over time.
CONCLUSIONS
We applied a condition-rule based prediction model and a range of environmental variables to landscape level mapping of topsoil (0-20 cm) SOC content in a 5200-ha section of the Driftless area in Wisconsin. Changes in SOC due to land use change were estimated between 2003 and 2012 using the PNVSC approach. The average SOC content was about 23 g C kg -1 soil. The topsoil SOC levels in the study area were variable, and displayed a moderate spatial dependence. Among the 13 environmental variables used, land use, soil subgroups, and terrain parameters (e.g., elevation, insolation, saga wetness index) were key predictors in the spatial distribution of SOC. Soils under forest contained more SOC than soils under crop land and pasture. Similarly, Inceptisols (mostly under forest) had higher SOC levels than Alfisols and Mollisols, which are mostly cropped. Our model showed a mean prediction error of about 5 g kg -1 and the soils from the forested areas had the highest error (about 6 g SOC kg -1 ). Based on the PNVSC approach, we found that soils under crops and pasture had lost on average 1.8 g C kg -1 between 2003 and 2012. The soils under forest had accumulated SOC. It seems that PNVSC is an effective tool to estimate preliminary SOC changes where temporal SOC data are not available. 
